Aging manifests itself through a decline in organismal homeostasis and a multitude of 26 cellular and physiological functions 1 . Efforts to identify a common basis for vertebrate aging 27 face many challenges; for example, while there have been documented changes in the 28 expression of many hundreds of mRNAs, the results across tissues and species have been 29 inconsistent 2 . We therefore analyzed age-resolved transcriptomic data from 17 mouse organs 30 and 51 human organs using unsupervised machine learning 3-5 to identify the architectural and 31 regulatory characteristics most informative on the differential expression of genes with age. We 32 report a hitherto unknown phenomenon, a systemic age-dependent length-driven 33 transcriptome imbalance that for older organisms disrupts the homeostatic balance between 34 short and long transcript molecules for mice, rats, killifishes, and humans. We also demonstrate 35 that in a mouse model of healthy aging, length-driven transcriptome imbalance correlates with 36 changes in expression of splicing factor proline and glutamine rich (Sfpq), which regulates 37 transcriptional elongation according to gene length 6 . Furthermore, we demonstrate that 38 length-driven transcriptome imbalance can be triggered by environmental hazards and 39 pathogens. Our findings reinforce the picture of aging as a systemic homeostasis breakdown 40 and suggest a promising explanation for why diverse insults affect multiple age-dependent 41 phenotypes in a similar manner. 42
thousands of genes have been reported to change with age 2 , the magnitude by which most 48 transcripts change is small in comparison with classical examples of gene regulation 2,8 and there 49 is little consensus among different studies. We hence hypothesize that aging is associated with 50 a hitherto uncharacterized process that affects the transcriptome in a systemic manner. We 51 predict that such a process could integrate heterogenous, and molecularly distinctive, 52 environmental insults to promote phenotypic manifestations of aging 1 . 53 54 We use an unsupervised machine learning approach 3-5 to identify the sources of age-dependent 55 changes in the transcriptome. To this end, we measure and survey the transcriptome of 17 56 mouse organs from 6 biological replicates at 5 different ages from 4 to 24 months raised under 57 standardized conditions (Fig. 1A) . We consider information on the structural architecture of 58 individual genes and transcripts, and knowledge on the binding of regulatory molecules such as 59 transcription factors and microRNAs (miRNAs) (Fig. 1B) . We define age-dependent fold-changes 60 as the log2-transformed ratio of transcripts of one gene at a given age relative to the transcripts 61 of that gene in the organs of 4-month-old mice. As expected for models capturing most 62 measurable changes in transcript abundance, the predicted fold-changes ( Fig. S1) was developed to predict fold-change of transcripts between samples from two ages for a given 76 tissue using 2,236 features corresponding to known gene-specific regulators (transcription 77 factors, miRNAs) and structural characteristics of genes and transcripts. A high-performance 78 example of ML model is shown (middle panel). Analysis of features with greatest impact on 79 performance of ML model (right panel) shows that length (median transcript length, gene 80 length, or median length of coding sequence) consistently ranks among the most important 81 features across all tissue-and age-specific models. (C) Dependence of fold-change observed 82 between kidney samples from 4-and 24-month-old mice on median transcript length. 83 Transcriptome imbalance (ρT) was defined at the Spearman correlation of the data. Grey shows 84 kernel density estimate of all genes whereas red dots highlight genes identified by gene-specific 85 differential expression. Right panel shows transcriptome imbalance (ρT) for the 17 organs of our 86 study. P values were estimated by two-sided Mann-Whitney U tests. 87 88
To identify whether there are universal architectural or regulatory features informative on age-90 dependent changes, we systematically analyze feature importance across models. The most 91 informative feature to those models is the median length of mature transcript molecules (Fig. 92 1B, Table S1 ), which is closely followed by the number of transcription factors, the length of the 93 gene, and the median length of the coding sequence (see Fig. S7 for additional details). We 94 conclude that during aging, transcript length is the most informative feature. 95
96
To determine whether transcript length could directly associate with age-dependent changes of 97 the transcriptome, or whether transcript length solely contributes to our models through 98 combinatorial interactions with additional architectural or regulatory features, we directly 99 compare observed fold-changes against transcript length. We find significant support (at P 100 values of <10 −40 ) for such a direct association for every organ (Fig. S8 ). For several organs, such 101 as 24-month-old kidneys, this relation is visually apparent (Fig. 1C , Figs. S9 and S10). For the 102 vast majority of organs, we find that expression changes and transcript length are 103 anticorrelated, indicating a systematic upregulation of short transcripts with age and a 104 systematic downregulation of long transcripts, which is already visible for 9-month-old animals 105 and further increases for 18-and 24-month-old animals (Fig. 1C ). To emphasize the systemic 106 nature of the anticorrelation between transcript length and fold-change in older animals, we 107 term this phenomenon "length-driven transcriptome imbalance." 108 109
To determine whether length-driven transcriptome imbalance extends beyond our own 110 experimental conditions in mice, we next inspect genes reported to be down-and upregulated 111 with age within recent surveys of vertebrates 5, 9, 10 . In an independent mouse study, we can 112 confirm a reduced expression among long transcripts that change across multiple organs, and 113 for 2 of 4 organ-specific sets of transcripts (differentially expressed across 3-, 12-, and 29-114 month-old animals). Furthermore, we find a reduced expression of long transcripts in older 115 animals for 3 of 3 killifish organs (differentially expressed between 5-and 39-week-old animals), 116 and 10 of 11 rat organs (8 organs between 2-and 6-week-old animals, 3 organs between 6-and 117 21-week-old animals, and 2 organs between 21-and 104-week-old animals) ( Fig. 2A, Fig. S11 ). 118
119
To resolve, whether the length-driven imbalance observed among the bulk-transcriptomes of 120 entire organs reflected upon a change of cellular composition or a molecular process occurring 121 in a subset of cell types, we next reanalyze the data of a recent preprint which measured 122 transcriptomes for single cells of three organs of 7-month-old and 22-23-month-old mice 11 . For 123 every single cell we correlate transcript lengths against the level of expression. In strong 124 support of systemic changes, we observe a significant reduction of transcripts from long genes 125 among single cells of 6 of 11 cell types of the kidney -including cell types with organ-specific 126 roles such as mesangial cells (Fig. 2B, Fig. S12 ) -, 10 of 12 cell types of the lung, and 4 of 4 cell 127 types of the spleen. When reanalyzing the data provided for 17 mouse organs by another 128 recent preprint by the Tabula Muris Senis consortium 12 , we find 93 of 111 cell types to have a 129 significant reduction of long transcripts in 24-month-old animals relative to 3-month-old 130 animals ( Fig. 2C, Fig. S13 ). We conclude that an imbalance of transcripts occurs in most cell 131 types of mice, and -paralleling our earlier findings on entire organs -mainly disfavors long 132 genes in aged individuals. 133 To determine, whether length-driven transcriptome imbalance also occurred during human 149 aging, we next reanalyze transcriptomes collected by the GTEx consortium 13 generated from 150 human tissues at the time of their death ( Fig. 3A ). Supporting our initial findings in mice, 151 machine learning models trained on those transcriptomes recover gene length as the most 152 informative feature ( Fig. 3B ). Also informative were the guanine-cytosine (GC) content of 153 transcripts, the number of different transcription factors bound to the transcriptional start site, 154 and the length of the transcript molecules (Figs. S14 and S15, Table S2 ). Further matching our 155 findings on mice, length-driven transcriptome imbalance is already apparent for the majority of We hypothesize that transcriptome imbalance may primarily challenge or promote cellular 174 processes important to aging. Since length-driven transcriptome imbalance most strongly affects short and long transcripts ( Fig. 4A, Fig. S17 ), we focus on them. Consistent with current 176 knowledge, the mapping of known longevity mutants recovered from model organisms onto 177 human and mouse genes yields a finding that the shortest transcripts are significantly depleted 178 from genes beneficial to longevity and significantly enriched for deleterious effects, whereas 179 long transcripts are opposingly enriched for beneficial effects and opposingly depleted from 180 deleterious effects (Fig. 4B, Fig. S18 Next, we investigate possible origins of transcriptome imbalance. Genes whose transcript 211 expressions correlate with transcriptome imbalance beyond the correlation expected by their 212 own transcript length ( Fig. 5A ) might reveal molecular processes underlying the observed 213 length-driven transcriptome imbalance. Within our own experimental data of male C57BL/6 214 mice housed under specific pathogen free conditions ( Fig. 1A,B ), those genes (Table S7) enrich  215 for roles in RNA binding, transcription, and splicing. The 1 st and 2 nd strongest associations are 216
Neuroblast differentiation-associated protein AHNAK (AHNAK) and fused in sarcoma (Fus), 217 respectively. The former gene was initially identified to encode for an unusually large 700-kDa 218 protein 21 , which was since shown to compete for its expression with a short 17-kDa protein 219 isoform of AHNAK 22 . Fus is a partner 23 of the polyfunctional age-associated 23-28 splicing factor 220 proline and glutamine rich (Sfpq), which has the 27 th strongest association and was recently 221 found to be essential to the transcriptional elongation of genes than 100 kb 6,29 ( To determine whether those environmental factors could suffice to trigger transcriptome 238 imbalance, we infected mice with a clinically important pathogen in aging 40 , influenza A virus, since its primary target, the lung, is one the two organs that did not yield detectable 240 transcriptome imbalance in 24-month-old mice and elderly humans at the organ level ( Fig. S19 ). 241
In strong support of our hypothesis, we find that influenza A infection causes a downregulation 242 of long transcripts and an upregulation of short transcripts throughout the lifespan of mice, 243 with the effects being strongest in 24-month-old mice (Fig. 5C,D and Fig. S20) , the oldest age 244 tested. We conclude that environmental insults that have already been associated with aging 40 245 can trigger transcriptome imbalance, and that old individuals may have a reduced capacity to 246 counter environmentally inflicted length-driven transcriptome imbalance. 247 cell types we considered the cell_type and cell_ontology_class columns within the respective 431 meta-date tables contained in the h5ad files. For consistency between the two studies, we 432 further renamed "classical monocyte" to "monocyte", "natural killer cell" to "NK cell", "Lung 433 endothelial cell" to "endothelial cell", and "alveolar macrophage" to "macrophage". We only 434 considered protein-coding genes which were detected in at least one cell of a given cell type in 435 an individual organ in a given study. We determined the single-cell length correlation by 436 measuring the Spearman correlation between transcript length and signal reported by the 437 studies of Kimmel et. al and Tabula Muris Senis, respectively. For Tabula Muris Senis we solely 438 considered the subset of the data corresponding to FACS-isolated single cells as they 439 demonstrated the highest sensitivity according to their study 12 . 440 441
Functional enrichments 442
We considered the genes with the 5% shortest and 5% longest median transcript length. We 443 obtained the categorization of mutants from HAGR 53,54 and mapped them to human and mouse 444 orthologues through Homologene, version 68 (https://ftp.ncbi.nlm.nih.gov/pub/HomoloGene). 445
We considered genes labeled as pro-longevity to be beneficial, and genes labeled as anti-446 longevity to be deleterious. For Gene Ontologies we used the mapping to NCBI provided by the 447 National Library of Medicine (https://ftp.ncbi.nlm.nih.gov/gene/DATA/gene2go.gz) and 448 considered any nonnegating annotation. For differential enrichment we considered genes 449 enriched among the genes with transcripts of one length extreme (5% shortest and 5% longest 450 median) at a Benjamini-Hochberg P value of <0.05 and depleted among the genes with the 451 other length extreme. 452
Annotation network construction 454
Annotations were represented as nodes, and we drew edges between them if at least one gene 455 carried either annotation and had been identified by the preceding enrichment analysis. 456
Subsequently we trimmed edges. First, we kept those edges where the largest fraction of the 457 genes of the smaller node were included in the larger. Second, for a given pair of the smaller 458 and larger node, we kept the link if the larger node was the smallest larger node connected to 459 the smaller node. Third-if there were still multiple distinct edges for a smaller node-we kept 460 those where overall there would be fewer genes annotated for the larger node (irrespective of 461 number observed in enrichment analysis). 462 463 Identification of genes correlating with transcriptome imbalance 464 First, the global relation between transcript length and fold-change was approximated through a 465
Lowess fit using Statsmodels, version 0.9 55 . Second, we defined residual fold-changes by 466 subtracting the Lowess fits from the observed fold-changes. For mice, we considered the 467 differential gene expression analyses of our own census of mice between 4-month-old and 9-, 468 12-, 18-, or 24-month-old mice. For humans, we considered GTEx differential gene expression 469 analyses between donors in their 2nd decade and donors in their 4th, 5th, 6th, or 7th decade, as 470 well as between donors in their 3rd decade and donors in their 4th, 5th, 6th, or 7th decade (hence 471 yielding up to eight comparisons per gender and subregion). We defined the correlation between 472 gene and transcriptome imbalance as the Spearman correlation between transcriptome 473 imbalance and the residual fold-changes. 474 475 Comparison to EBI-GXA 476
We downloaded the EBI-GXA 7 in spring 2017 4 . We parsed the experimental descriptions from 477 the config files supplied and the fold-changes from the supplied differential expression reports. 478
We only considered protein-coding genes with at least one research publication and an official 479 gene symbol, and which unambiguously mapped in a 1:1 relation between NCBI (Entrez) gene 480 identifiers and Ensembl Gene Identifiers. Comparison for large intestine, liver, lung, muscle, skin, small intestine, stomach, and white 539 adipose tissue. Grey dots are genes. Red dots are genes identified to be differentially expressed 540 at a false discovery rate of 0.05. 541 Fold-changes observed in lung after influenza relative to lung without influenza exposure for 596 individual genes. Graphs show mice of different ages. Red dots indicate differential expression 597 at false discovery rate of <0.05. 598 Table S8 . 620
Correlation between transcript length and fold-changes of mouse studies in EBI-GXA. 621 622   Table S9 . 623
Correlation between transcript length and fold-changes of human studies in EBI-GXA. 624
